hundred individuals. An empirical example illustrates that high order LD might be an 48 even greater challenge in cases when the genetic architecture is more complex than 49 the common assumption of bi-allelic loci. The example shows how significant 50 statistical epistasis is detected for a pair of markers in high order LD with a complex 51 multi allelic locus. Overall, our study illustrates the importance of considering also 52 other explanations than functional genetic interactions when genome wide statistical 53 epistasis is detected, in particular when the results are obtained in small populations of 54 inbred individuals. 55
The genetic architecture of most biological traits is complex and involves multiple 58 genes, whose effects are often influenced by interactions with other genes and 59 environmental factors. To study the relative contributions by genes, environmental 60 factors and their interactions in segregating populations, statistical genetic approaches 61 are commonly used to partition the genetic variance to additive and dominance 62 variance of individual loci and epistatic interaction variance between them (Lynch 63 and Walsh 1998). In principle, the variance partitioning is performed by associating 64 the phenotypic variation for a trait in a population with linear combinations of the 65 genotypes within and/or across loci. How the genotypes are combined (parameterized) 66 in the model is determined by the genetic model used in the analysis. The classic 67 quantitative genetics models are parameterized to capture the genetic variance in a 68 hierarchical manner. First, a main additive allele-substitution is defined. Then, if 69 accounted for, dominance is modeled as a single-locus deviation from additivity and 70 genetic interactions as multi-locus deviations from single locus additivity and 71 dominance (Nelson et al. 2013) . As a consequence of this, the genetic contributions of 72 individual and combinations of loci described as additive, dominance and epistatic 73 variances are unlikely to reflect the underlying biological mechanisms (Carlborg et al. Although the ultimate aim of a genetic association study is generally to detect 77 functional polymorphisms, most often genotypes are only scored for a reduced set of 78 polymorphisms (genetic markers). These reduced marker sets are selected with the 79 aim to tag as many of the unobserved functional polymorphisms as possible. The 80 statistical inferences of the underlying genetic architecture made from such reduced 81 sets of markers can, however, be problematic in some cases. For example, multiple 82 unobserved functional polymorphisms can lead to associations to individual markers 83 that do not properly represent the causal variants (Platt et al. 2010) , and high order 84
linkage disequilibrium (LD) to single functional polymorphism can lead to indirect 85 statistical epistatic associations to pairs of markers (Wood et al. 2014 selected sets of markers as in (Hemani et al. 2014) . With the increasing interest in, 99 and availability of, sufficiently large datasets for epistatic association analyses it is 100 therefore important to also evaluate the risk of making false inferences about loci 101 being involved in functional genetic interactions from findings of statistical epistasis, 102 when they instead are due to high order LD. 103
104
Here, we empirically explore the prevalence and strength of high order LD within and 105 between chromosomes in publically available high-density SNP and whole-genome 106 re-sequencing data from the model plant Arabidopsis thaliana. Two locus LDs are 107 calculated between the markers selected for the 250k A. thaliana SNP chip that have 108 been the basis for many GWAS analyses in the past, and the additional SNPs revealed 109 by whole genome sequencing using data from the 1001 genomes project (Atwell et al. The risk of falsely inferring genetic interactions between markers on different 116 chromosomes in a two-locus interaction analysis might increase in situations when the 117 underlying genetic architecture is more complex, for example when a single locus 118 contains multiple functional alleles. This is illustrated using an empirical example 119 from a second public A. thaliana dataset (Forsberg et al. 2015) . Overall, this study 120 provides new insights that deepen our understanding about the link between high 121 order LD and statistical epistasis to guide researchers when interpreting results When an individual marker is in complete linkage disequilibrium (r 2 = 1) with a 128 functional polymorphism affecting a studied trait, a single-locus association test 129 between the marker and the trait will capture all the phenotypic variance contributed 130 by the functional polymorphism. A basic assumption in genetic association studies is 131 that at least one genotyped marker will be in sufficiently high LD with each functional 132 polymorphism to detect it in this way. In reality, however, not all functional 133 polymorphism will be in such perfect LD with a genotyped marker, and then there is a 134 risk that the joint genotype of two (or more) markers tags the genotype of the 135 functional polymorphism better than any single marker (high-order LD > single-136 marker LD). This will, as discussed below, influence the significances of the trait-137 marker associations detected in a genetic association analysis and the inferences made 138 about the genetic architecture of the trait. 139 140
Quantifying high order linkage disequilibrium 141
We calculate the high order LD between pairs of predictors (here genotyped SNP 142 markers) and single targets (here un-genotyped SNP polymorphisms) following (Hao 143 et al. 2007) . 144
145
Consider a pair of bi-allelic predictor SNPs (M 1 and M 2 ; Figure 1 ). These markers can 146 together form four two-locus genotypes: AB, Ab, aB and ab ( Figure 1 ). We now want 147 to know whether any two-locus predictor could tag the single locus target genotype 148 better than any of the individual predictor genotypes (i.e. evaluate whether 149 max(second-order LD) > max(single order LD)). To calculate the high order LD 150 between the two predictors (M 1 and M 2 ) and the single target (Q), the two-locus 151 M 1 M 2 genotype is used to create a multi-allelic pseudo marker (P) with four alleles 152 ( Figure 1 ). In this way, a second-order LD (r 2 ) can be calculated for each of the 153 possible ways that M 1 and M 2 together can tag the genotype at Q (Figure 1) . 154 155 6
The calculation of the second order LD therefore first involves creating the four 156 possible bi-allelic pseudomarkers (P 1 , P 2 , P 3 & P 4 ; Figure 1 ) from the two locus 157 M 1 /M 2 genotypes. These are assigned the genotypes P 1 {AB, non-AB}, P 2 {Ab, non-158 Ab}, P 3 {aB, non-aB} and P 4 {ab, non-ab}, respectively. The LD-r 2 is then computed 159 between the target (Q) and the four bi-allelic pseudomarkers (P 1 , P 2 , P 3 & P 4 ). For 160 each pair of predictors, the second order LD is then defined as the LD-r 2 for the 161 pseudomarker with the highest LD-r 2 to the target. Pseudomarkers with higher LD-r 2 162 to the target (Q) than 0.3 are kept for further analyses. The LD-r 2 values were 163 
Statistical epistasis emerging from high order linkage disequilibrium 174
In a genetic association study in an inbred or haploid population, two-locus epistasis 7 is typically modelled as: 176 177 Y = a 1 β 1 + a 2 β 2 + a 1 a 2 β 12 + e
[1] 178 179 Here, a 1 and a 2 are indicator variables for the genotypes at two genotyped markers, M 1 180 and M 2 , taking values 1/-1 for the two alternative homozygous genotypes AA vs aa 181 and BB vs bb, respectively. a 1 a 2 is an indicator variable for the interaction between a 1 182 and a 2 taking value 1 for the two-locus genotypes AABB and aabb and -1 for AAbb 183 and aaBB. β 1 , β 2 and β 12 are the corresponding estimates for the marginal (additive) 184 effects and the additive-by-additive interaction between the loci. 185
186
The aim of a statistical epistatic analysis is to include an interaction term in the model 187 using whole-genome re-sequencing (n = 1,641,240 in total; MAF > 0.05) (Table 1) . 230
Although the results from the analyses of this data will be specific to this species and 231 dataset, it is assumed that the relationships between targets and predictors will be a 232
realistic representation of what to be expected also in other populations. This is 233 because the selection of markers for the high-density 250k SNP chip, was done for the 234 purpose of genetic association studies following similar procedures as used also in 235 other species and populations. 236
237
The reason for only studying a subset of the possible targets and predictors is that it 238 was not computationally feasible to exhaustively evaluate the high order LD between 239 all possible pairs of predictors selected for the 250k SNP chip and all the targets 240 revealed by genome sequencing. Instead, the second order LD was exhaustively 9 calculated for all targets and predictors i) within a randomly selected 6 Mb window on 242 chromosome 2 as well as ii) between three randomly selected windows from different 243 chromosomes (Table 1) . Computations were performed for the entire population (n = 244 728 individuals) and two smaller random samples of n = 100 and n = 50 individuals. 245
The results for the populations with n = 100 and n = 728 are reported in the main 246 manuscript and the results for n = 50 is reported in the Supplementary material. 247 248 
254
The predictor pairs in the evaluated windows in the genome with high order LD-r 2 > 255 0.6 to a target were classified as cis-cis/cis-trans/trans-trans. To extrapolate these 256 findings to the genome level, the proportions of all evaluated predictor pairs that 257 displayed these patterns were calculated and then multiplied with the total number of 258 possible cis-cis/cis-trans/trans-trans pairs in the genome (Table S1) . 
RESULTS

301
This study aims to answer the following questions by analyzing two public A. 302 thaliana datasets: How common can we expect high order LD to be between pairs of 303 SNPs selected for genotyping and hidden sequence variants in the genome? Is high 304 order LD primarily observed between predictors tightly linked to a target functional 305 polymorphism (in cis) as in (Wood et al. 2014 ), or is it also observed for predictors 306 unlinked to the target (in trans)? How dependent is the prevalence of high order LD 307 and cis vs trans predictors on the population size? We also present an empirical 308 example where high order LD exists between a cis-trans predictor pair with 309 significant statistical epistasis and a locus displaying a strong genetic variance 310 heterogeneity due to independent contributions by multiple linked polymorphisms 311 The population size affects the prevalence and location of predictors in high order LD 316
The high order LD-r 2 values for all pairs of predictors and individual targets in a 6Mb 317 window on Chromosome 2 (Table 1) is shown for populations with n = 100 and n = 318 728 individuals in Figure 2 . The strongest second order LD-r 2 was observed where at 319 least one predictor is located near the target (y-axis). When the sample size was 320 smaller (n = 100; Figure 2A ), strong second order LD-r 2 was rather common also 321 when both predictors were located far from the target. For example, 20% of the 322 targets had a high order LD-r 2 > 0.65 with a predictor pair where at least one of the 323 predictors was located more than 1Mb away from it. Even though the prevalence of 324 strong high order LD-r 2 decreases when the sample size increases, it is still common 325 in the large population (n = 728; Figure 2B ), with the highest prevalence when at least 326 one of the predictors is located close to the target. 
334
Strong high-order LD-r 2 between a predictor pair and a target is mostly observed 335 when at least one of the predictors is in strong individual LD-r 2 with the target. 336
However, as illustrated in Figure 3 , many cases also exist where the high order LD-r 2 337 is strong while the LD-r 2 to the individual predictors is weak. 338 A B Figure 3 . Strong second order LD-r 2 exists also when the individual predictor to target LD-r 2 is weak.
340
The intensity of each dot illustrates the number of cases with a particular high order LD-r 2 / maximum 341 individual predictor to target LD-r 2 combination. Dots below the line are cases where the high order 342 LD-r 2 stronger than any individual predictor to target LD-r 2 (n=728).
344
Estimating the genome wide prevalence of strong high order linkage disequilibrium 345 Figure 2 illustrates that high-order LD-r 2 exists where one or both predictors are 346 located close to the target as well as when one or both predictors are located further 347 away in the evaluated 6Mb window. The genome-wide prevalence of high order LD-348 r 2 for the three different classes of predictor pairs, cis-cis/cis-trans/trans-trans (as 349 defined above) were next explored in three pairs of distant 2Mb windows in the 350 genome (Table 1) Overall, the fraction of predictor pairs that display higher second-order LD (LD-r 2 > 355 0.6) is low. In the smaller population (n = 100), less than 1 out of 10 6 evaluated 356 predictor pairs and in the larger population (n = 768) less than 1 out of 10 7 (Table S1) . Table  360 S1). Trans-trans pairs existed, but were much less common (~1% for n = 100, <0.01% 361 for n = 728, respectively, Figure 4A -C; Table S1 ). When extrapolating these results to 362 a genome wide scale, this picture, however, changes dramatically ( Figure 4D ). Trans-363 trans and cis-trans predictor pairs are now much more common than cis-cis pairs due 364 to their much higher genome-wide prevalence (35/18-fold for n = 100 and 35/0.3 for n 365 = 728 more common; Figure 4D , Table S1 ). This result illustrates that it is a 366 considerable risk to disregard high-order LD as a possible explanation for statistical 367 epistatic interactions even at larger sample-sizes. The strongest pairwise epistasis was detected for a cis-trans predictor pair ( Figure 5A) . 394
The accessions with the AA genotype at the predictor located in trans to the 395 chromosome 2 region (chromosome 1:5,315,502 bp) all have an intermediate 396 molybdenum level in the leaf ( Figure 5A ). The accessions with the GG allele at the 397 trans predictor have different levels of molybdenum in their leaves depending on 398 whether they carry the CC or TT genotype at the cis predictor in on chromosome 2 399 (10,928,720 bp). These differences explain the significant statistical epistasis detected 400 when fitting the two-locus epistatic model [1] to this data. 401
402
This statistical interaction could be due to a true genetic interaction. An alternative 403 explanation is however presented in Figure 5 There, the overlap between the two 404 locus genotypes for the cis-trans predictor pair ( Figure 5A ) and the alleles at the four 405 loci earlier reported to be associated with leaf molybdenum levels in this region 406 (Forsberg et al. 2015) are illustrated. The multi-locus genotypes of the predictor pair 407 tags different combinations of minor alleles at the four loci that were found to either 408 increase (mGWA1, mGWA2, 326ins) or decrease (53del) leaf molybdenum levels in 409 the accessions (Forsberg et al. 2015) . The statistical epistatic interaction was detected 410 due to the difference in molybdenum levels between accessions carrying the GGCC 411 genotype (low molybdenum) and GGTT (high molybdenum). Figure 5B shows that 412 the accessions with the GGCC genotype have the lowest frequency of the 413 molybdenum increasing allele mGWA2 and the highest frequency of the molybdenum 414 decreasing allele 53del. The accessions with the GGTT genotype instead have the 415 highest frequencies of the molybdenum increasing alleles at mGWA2, mGWA1 and 416 326ins. The genotypes AACC and AATT, with intermediate molybdenum levels, both 417 have intermediate frequencies of the mGWA1 and mGWA1 increasing alleles and 418 lack the 53del and 326ins alleles. A more parsimonious interpretation of these results 419 is thus that the statistical epistasis at the predictor pair is due to the high order LD 420 between them and the genotypes at the four loci located in the region on chromosome 421 2. 422 423 Figure 5 . An illustration of how the high order LD between four polymorphisms affecting the level of 424 molybdenum in the A. thaliana leaf (Forsberg et al. 2015) , likely explains the significant statistical
